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Conversion Factors
Multiply By To obtain Length inch (in.) 2.54 centimeter (cm) inch (in.) 25 Temperature in degrees Celsius (°C) may be converted to degrees Fahrenheit (°F) as follows:°F = (1.8 × °C) + 32.
Temperature in degrees Fahrenheit (°F) may be converted to degrees Celsius (°C) as follows:°C = (°F -32) + / 1.8 vii
Datum
Vertical coordinate information is referenced to the North American Vertical Datum of 1988 (NAVD 88).
Horizontal coordinate information is referenced to the North American Datum of 1983 (NAD 83).
Elevation, as used in this report, refers to distance above the vertical datum. (Sivapalan, 2003; Sivapalan and others, 2003; Vogel, 2011; Hrachowitz and others, 2013) . Unfortunately, the ability to collect long-range streamflow records is constrained by time and resources; as a result, the national network of streamgages is both spatially and temporally sparse (Kiang and others, 2013) . For this reason, the exploration of tools for the prediction or estimation of daily streamflow records in unmonitored or ungaged locations is essential for an improved hydrologic understanding. The problem of prediction in ungaged basins (PUB) has become an international research question (Sivapalan and others, 2003; Viglione and others, 2013) . In the United States, the PUB problem has been of pivotal importance for initiatives like WaterSMART (Sustain and Manage America's Resources for Tomorrow; [Salazar, 2010; Alley and others, 2013] ) and the U.S. Geological Survey's National Water Census (U.S. Geological Survey, 2007; Alley and others, 2013) . The National Water Census seeks to provide spatially and temporally continuous records of daily streamflow across the United States, an endeavor that necessitates an immense amount of PUB. The work presented in this report is directly supported by the National Water Census and serves as a second case study of PUB methods in the United States.
Abbreviations and Acronyms
Recently, Farmer and others (2014) completed an exploration of PUB methods in the southeastern United States. There, 19 variations of PUB methods were compared to estimate 30-year records of daily streamflow. Considering a wide-range of performance metrics, results indicated that several PUB methods performed reasonably well. On average, a transfer and transformation of flow duration curves served as the best approach to predicting daily streamflow records. The Southeast is a fairly humid region with generally homogeneous climate. Trends in precipitation and temperature are largely driven by elevation. The purpose of this report is to consider a similar model comparison in another hydroclimatic region.
Abstract
Daily records of streamflow are essential to understanding hydrologic systems and managing the interactions between human and natural systems. Many watersheds and locations lack streamgages to provide accurate and reliable records of daily streamflow. In such ungaged watersheds, statistical tools and rainfall-runoff models are used to estimate daily streamflow. Previous work compared 19 different techniques for predicting daily streamflow records in the southeastern United States. Here, five of the better-performing methods are compared in a different hydroclimatic region of the United States, in Iowa. The methods fall into three classes: (1) drainage-area ratio methods, (2) nonlinear spatial interpolations using flow duration curves, and (3) mechanistic rainfall-runoff models. The first two classes are each applied with nearest-neighbor and map-correlated index streamgages. Using a threefold validation and robust rank-based evaluation, the methods are assessed for overall goodness of fit of the hydrograph of daily streamflow, the ability to reproduce a daily, no-fail storageyield curve, and the ability to reproduce key streamflow statistics. As in the Southeast study, a nonlinear spatial interpolation of daily streamflow using flow duration curves is found to be a method with the best predictive accuracy. Comparisons with previous work in Iowa show that the accuracy of mechanistic models with at-site calibration is substantially degraded in the ungaged framework.
Introduction
Daily records of streamflow provide foundational records of hydrologic processes within gaged watersheds. These records are essential to a hydrologic understanding of natural systems. Furthermore, these records help in understanding how human systems intersect with and affect natural systems. An informed hydrologic understanding affects the After the Southeast study (Farmer and other, 2014) , the Des Moines and Iowa Rivers in Iowa were identified as another case study. The legacy of model comparison others, 2011 and allows for historical comparison as well as the implementation of newer tools. Iowa is substantially smaller than the southeastern region, but presents a number of other challenges: a different hydroclimatic regime, less variation in elevation, and a variety of different landform regions (Prior and others, 2009 ). The purpose of this Iowa model comparison presented in this report is to explore the advantages and disadvantages of several PUB methods that performed well in the Southeast model comparison.
Purpose and Scope
This report presents a comparison of five different methods for predicting continuous daily records of streamflow in the Des Moines and Iowa River Basins ( fig. 1 ). Each prediction method is assessed for its overall accuracy of predicting a hydrograph of daily discharge, its ability to reproduce daily, no-fail storage yield curves, and its ability to reproduce key observed streamflow statistics. Hydrographs of daily discharge are estimated at 44 sites from October 1, 1983, through September 30, 2011. The PUB methods are compared using Robust Rank-Based Evaluation and the cumulative 
Study Area and Data Selection
The Iowa and Des Moines Rivers generally flow in a southeasterly direction to join the Mississippi River along the eastern border of Iowa ( fig. 1). (A list of all streamgages evaluated in this study is included in Appendix 1) The Iowa River Basin drains approximately 12,640 square miles at the confluence with the Mississippi River near Oakville, Iowa. This includes the Cedar River Basin, which constitutes approximately 62 percent of the Iowa River Basin (Larimer, 1957) . The Cedar River Basin extends from its headwaters in southern Minnesota to its confluence with the Iowa River near Columbus Junction in east-central Iowa. The Des Moines River Basin drains almost 14,700 square miles at the confluence with the Mississippi River near Keokuk, Iowa (Larimer, 1957) . Collectively, the Iowa and Des Moines River Basins drain approximately 27,300 square miles at their respective confluences with the Mississippi River. The Iowa and Des Moines River Basins cross 5 of the 10 distinct landform regions in Iowa (Prior and others, 2009) , including the Des Moines Lobe, the Iowan Surface, the Southern Iowa Drift Plain, and the Iowa-Cedar Lowland, with a small portion of the Des Moines River Basin draining the Northwest Iowa Plains.
The dominant land use in the Des Moines and Iowa River Basins is row-crop agriculture (67 and 73 percent, respectively). Corn and soybean production represents approximately 60 percent of the row-crop agriculture, with the remaining portion distributed across noncropland covers (Falcone, 2011) . Artificial drainage networks, including subsurface tile and open ditches, are extensively used in Iowa to remove excess water and support row-crop agriculture. Other land use throughout these basins includes confined and unconfined livestock operations for beef and dairy cattle, hogs, sheep, and poultry (Iowa Department of Natural Resources, 2006) . For the period from 1971 to 2000 average annual precipitation was 33 inches in the Des Moines Basin and 34.7 inches in the Iowa River Basin. Average annual temperature for the same period in the Des Moines River Basin was 47.6 °Fahrenheit (F) (minimum of 37.2 °F; maximum of 58.73 °F), while the average annual temperature in the Iowa River Basin was 47 °F (minimum of 36.9 °F; maximum of 57.9 °F) (Falcone, 2011) .
This study uses the same 44 streamgages in the Iowa and Des Moines River Basins that were used in a previous statewide comparison of PUB methods in Iowa (Linhart and others, 2012) . The locations of the 44 streamgages are shown in figure 2. Appendix 2 lists the basin-characteristic values that were measured for these 44 streamgages as part of a peak-flow study for Iowa (Eash and others, 2013) and were used for the development of 27 regression equations in this study.
Methods to Estimate Daily Streamflow
Three approaches to PUB were used to estimate daily streamflow records, including a drainage-area ratio method, a nonlinear spatial interpolation using flow duration curves, and the Precipitation Runoff Modeling System (PRMS). The former two are direct-transfer, statistical models that do not explicitly rely on a process-understanding of basin hydrology. The PRMS, on the other hand, models the physical processes of streamflow generation in gaged basins and transfers that physical understanding to ungaged locations. All methods require the selection of an index streamgage from which to transfer the physical or statistical understanding to the ungaged location. Two techniques for the selection of index streamgages, nearest neighbor and map correlation, were used. A description of the index selection techniques and PUB approaches are provided in the Selection of Index Streamgages section of this report. The coupling of an index-selection technique and a PUB approach, both of which are required to produce estimates of streamflow, is termed a PUB method. Farmer and others (2014) and Farmer (2015) implemented these methods in the southeastern United States and provide further information on the development and application of these methods.
Selection of Index Streamgages
All of the PUB approaches considered here require the selection of an index streamgage from which to transfer hydrologic information to an ungaged location. Two techniques for the selection of index streamgages, nearest neighbor and map correlation, were used for each of the direct-transfer, statistical approaches, drainage area ratio-, and nonlinear spatial interpolation using flow duration curves. A modified version of the nearest-neighbor selection technique was used with the PRMS. The combinations of index selection techniques and PUB approaches define five PUB methods and yields five unique estimates of daily streamflow at each location.
An index streamgage is any streamgage from which hydrologic information is transferred. In the nearest-neighbor technique, the optimal index streamgage is the streamgage geographically closest to the ungaged location of interest. Map correlation (Archfield and Vogel, 2010) uses geostatistical tools to identify the streamgage with the greatest estimated correlation with the anticipated daily record at the ungaged location and selects it as the optimal index streamgage. As described by Archfield and Vogel (2010) , map correlation proceeds by fitting a regional variogram for each site in the network. Each variogram, which is tied to a specific site, estimates the Pearson correlation coefficient between the streamflow at the linked site and the records at any other location. By inputting the coordinates of the an ungaged site into each of the site-specific variograms, it is possible to determine which network streamgage is expected to provide the greatest level of correlation with the ungaged site; this site is selected as the optimal index streamgage.
(Appendix 3 provides the leave-one-out validation root-meansquared errors of map correlation, indicating the applicability of this index streamgage selection technique in this region. The average root-mean-squared error is 0.0274.) For both nearest neighbor and map correlation, the location of each stream site, gaged or ungaged, is defined by the latitude and longitude of the basin outlet. Both nearest neighbor and map correlation were coupled with each of the direct-transfer statistical methods. For the PRMS, the nearest-neighbor procedure was amended: Only streamgages with an at-site calibration of the PRMS producing a Nash-Sutcliffe model efficiency (Nash and Sutcliffe, 1970) greater than 0.80 were considered as potential index streamgages. From this subset of streamgages, the optimal index streamgage was selected by spatial proximity.
Unlike the PRMS, which transfers model parameters rather than time series, the direct-transfer, statistical PUB approaches require observations from an index streamgage for each day of prediction. If the most optimal index streamgage, based on spatial proximity or estimated correlation, is not operational on the target date, then an alternative must be selected for that date. This was accomplished by ranking the potential index streamgages based on spatial proximity or estimated correlation. Farmer and others (2014) provide an illustrative example. The date-range gaps are then filled by working successively down the ranked population of potential index streamgages. 
Drainage-Area Ratio
The prediction of streamflow records using the drainage-area ratio (DAR) PUB approach has been widely practiced in the fields of hydrology and water resources engineering (Hirsch, 1979; Asquith and others, 2006) . The DAR method is predicated on the assumption that streamflow per unit area is equivalent across hydrologically similar sites. Hydrologic similarity can be defined several ways; here it is approximated by the selection of an optimal index streamgage. With an index streamgage, the ungaged streamflow on day t can be approximated as:
where
is the estimated streamflow at the ungaged location on day t, Q g,t is the corresponding measured streamflow at the index streamgage and A u and A g are the drainage areas associated with the ungaged and gaged locations, respectively. The DAR approach is the foundation for the Flow Anywhere method presented and assessed by Linhart and others (2012) . Here, the application of DAR with nearest-neighbor index streamgages is noted as DAR-NN, while the application with map-correlation index streamgages is noted as DAR-MC.
Nonlinear Spatial Interpolation Using Flow Duration Curves
Where the DAR approach seeks to scale the daily streamflow by drainage area, the approach of nonlinear spatial interpolation using flow duration curves can be thought of as a statistical scaling of the entire flow duration curve at each site. This approach has been widely used (Fennessey, 1994; Hughes and Smakhtin, 1996; Smakhtin, 1999; Mohamoud, 2008; Archfield and others, 2010; Shu and Ouarda, 2012) and shown to perform well across a range of performance metrics (Farmer and others, 2014) . As noted by Farmer and others (2014) , this approach has gone by many names; here the nearest-neighbor implementation is abbreviated QPPQ-NN, while the mapcorrelation implementation is noted as QPPQ-MC. The abbreviation of QPPQ, as described in the next paragraph, refers to the use of an index discharge (Q) to produce an index probability (p), which yields an estimated, ungaged probability (p) and produces an estimate of ungaged discharge (Q).
QPPQ predicts ungaged streamflow records by assuming that the exceedance probabilities of streamflow on a particular day are identical between two hydrologically similar sites:
where Q u,t and Q g,t are the ungaged and index streamflows on day t, respectively, and P u,t and P g,t are the complementary cumulative probabilities (or exceedance probabilities) of the ungaged and index streamflow. By this method, the streamflow at the index streamgage (Q g,t ) is converted to a complimentary cumulative probability (P g,t ) using an empirical flow duration curve. Using the assumption of equation (2), this exceedance probability is then transferred to the ungaged site as an estimate of the ungaged complimentary cumulative probability (P u,t ). The estimate exceedance probability is then converted into an estimate of ungaged streamflow (Q u,t ) by means of an estimated flow-duration curve at the ungaged site. For this application of QPPQ, as in Farmer and others (2014) , the estimated flow duration curve at the ungaged site was obtained by regional regressions of 27 key exceedance probabilities. The exceedance probabilities considered were 0. 02, 0.05, 0.1, 0.2, 0.5, 1, 2, 5, 10, 20, 25, 30, 40, 50, 60, 70, 75, 80, 90, 95, 98, 99, 99.5, 99.8, 99.9, 99.95, and 99 .98 percent. Defining the entire study area as a single region, regional regressions for each exceedance probability were developed in the same way as Farmer and others (2014) : The streamflow quantiles associated with each exceedance probability at each gaged location were identified empirically using the Blom plotting position (Stedinger and others, 1983) . Several basin characteristics (Appendix 2) were considered as explanatory variables in a log-linear regression framework. The best regional regressions for each quantile are summarized in table 1. Using these regressions, the 27 quantiles composing the flow-duration curve were estimated at an ungaged site. In the prediction of streamflow values, log-linear interpolation was used for estimated exceedance probabilities falling between any two of the 27 exceedance probabilities. For extrapolations beyond the 27 exceedance probabilities, streamflows with complimentary cumulative probabilities less than 0.02 percent and more than 99.98 percent, the QPPQ approach defaulted to the DAR approach. Additional details on the development of this regression approach are provided in Farmer and others (2014) .
Precipitation Runoff Modeling System
Unlike the statistical approaches, DAR and QPPQ, the Precipitation-Runoff Modeling System (PRMS; Leavesley and others, 1983; Markstrom and others, 2008; provides a physically-based, mechanistic model of streamflow. As described in Farmer and others (2014) , the PRMS is a modular, deterministic, distributed-parameter watershed model that was designed to simulate, as driven by climatic inputs, landsurface hydrologic processes and water budgets at various temporal scales. The PRMS models aggregate watersheds by representing individual stream segments and unique, homogenous hydrologic response units. The PRMS was calibrated for gaged watersheds using the Shuffled Complex Evolution algorithm (Duan and others, 1992 (Duan and others, , 1993 (Duan and others, , and 1994 , which allowed adjustment of the initial calibration parameters derived from basin characteristics to account for the idiosyncrasies of specific hydrologic response units. In ungaged basins, the adjustments from initial parameters, as opposed to the parameter values themselves, were transferred from the index streamgage and used to adjust the initial parameters in the ungaged watershed. Farmer and others (2014) provide a more detailed description of this ungaged application of the PRMS; their approach was followed in this report. This approach is only a first-order approach to the application of the PRMS in ungaged watersheds and differs significantly from the at-site calibrated application of Linhart and others (2013) .
Methods of Analysis
The performance of the PUB methods was assessed using robust rank-based evaluation (RRBE), a technique presented in Farmer and others (2014) and refined in Farmer (2015) . RRBE blends several measures of performance to provide a broad assessment of the relative accuracy of streamflow predictions. This model comparison of PUB methods in Iowa considered the same goodness-of-fit metrics used by Farmer and others (2014) . Additionally, the cumulative distributions of daily percent errors were used to further distinguish between PUB methods. All analyses were conducted using a threefold validation: two-thirds of the sites were used to calibrate the PUB methods used to predict streamflow at the remaining, validation one-third of the sites. In this manner, the neglected one-third of the network is modeled without any effect from the calibration, just as if it were truly ungaged. The calibration and validation sets were iterated so that an ungaged estimate was created for each site. The definitions of scenarios are provided in figure 2, with particular streamgages noted in Appendix 1.
Thirty-two performance metrics were used for the RRBE. The overall goodness of fit was assessed with seven metrics, including the Nash-Sutcliffe of the untransformed (NSE) and natural-logarithmically transformed (NSEL) streamflow predictions, the root-mean-square error in streamflow predictions (RMSE), the root-mean-square-normalized error in streamflow predictions (RMSNE), the average percent error in streamflow estimates, the Pearson correlation coefficient between observed and predicted streamflow and the Spearman correlation coefficient between observed and predicted streamflow. The daily, no-fail storage-yield curve indicates how much storage would be required, given historical properties of streamflow, to produce a constant yield from the stream.
As an indication of streamflow signature, the reproducibility of the daily, no-fail storage-yield curve was assessed by applying the same seven metrics to predictions of the daily, no-fail storage. Farmer and others (2014) detail how the daily, no-fail storage-yield curve was estimated. In addition to overall goodness of fit and streamflow signature, the reproducibility of several streamflow statistics was assessed by observing the ratio of estimated to observed streamflow statistics; these statistics included the coefficient of variation of annual streamflow, the coefficient of variation of daily streamflow, the 10th and 50th percentiles of the empirical distribution of 7-day-average annual minimum flows, the 90th percentile of the empirical distribution of annual maximum flows, the 10th, 25th, 50th, 75th and 90th percentiles of the distribution of daily streamflow (note that annual minima and maxima were assessed using empirical distributions; no parametric fitting was applied). This analysis also considered the reproducibility of the seven fundamental daily streamflow statistics, consisting of the mean streamflow, coefficient of variation
, kurtosis (L-kurtosis) and autoregressive lag-one autocorrelation coefficient of daily streamflow, and the amplitude and the phase of the sinusoidal seasonal signal (Archfield and others, 2013) .
To strengthen the weight of the fundamental daily streamflow statistics, a RMSNE was calculated across all seven statistics. Despite the strong correlation between some performance metrics, like the RMSE and NSE, these metrics were included because they are commonly considered and quantify extremely important aspects of the model performance. As reported by Farmer and others (2014) , this did not hamper the analysis, but alternative collections of metrics can be similarly compared. The performance metrics were computed only on complete water years between October 1, 1982 and September 30, 2011. Zero-flows were included with a censoring value. Most of the statistics used complete water years, but the two percentiles of the distribution of the 7-day-average annual minimum flow were computed with complete climatic years. Climatic years are defined such that they begin on April 1 and end on March 31. (The year between April 1, 1983 and March 31, 1984 , is referred to as the 1984 climatic year.) Because the percent errors and logarithmic performance metrics cannot be applied to zero-valued flows, the zero value was censored. The smallest non-zero flow published by the U.S. Geological Survey (USGS) is 0.01 cubic foot per second (ft 3 /s). For this reason, any predictions on the inclusive range between 0.005 and 0.01 ft 3 /s were corrected to 0.01 ft 3 /s. Predictions less than 0.005 ft 3 /s were set to a censored value of 0.001 ft 3 /s. Observations of 0 ft 3 /s were censored to 0.001 ft 3 /s. While the choice of a censoring value may affect the performance metrics, only 0.07 percent of all the days at all the sites had observations with a streamflow value of zero. This fraction was considered to be small enough so as not to significantly affect the analysis.
RRBE combines the relative rankings of the PUB methods according to each performance metric. For a particular performance metric at a particular site, the five PUB methods were ranked, with best method receiving the lowest rank. Ties were ranked identically with the lowest numerical ranking available. This process was repeated for each site. The ranks for a particular PUB method were summarized across all sites, taking the average ranking and the standard deviation of the ranks. This ranking procedure was then conducted for each additional performance metric. The result was an average ranking and standard deviation of the ranks of each PUB method for each performance metric. Each PUB method can then be represented as a cloud of points in Cartesian space with the cross-site average ranking for each metric on one axis and the cross-site standard deviation of the ranks for each metric on the other axis. For a particular PUB method, this cloud of performance metrics can be summarized by averaging to obtain the centroid of the cloud. An indication of the spread of this cloud, for a particular PUB method, can be obtained by wrapping a variability ellipse around the centroid. The axes of the ellipse are defined by the cross-metric standard deviation among the cross-site averages and the cross-site standard deviations. Farmer (2015) provides examples of this analysis. The most optimal PUB methods are those with a centroid closest to the origin, representing the best average cross-site ranking and the least cross-site variability. Furthermore, the ideal method should have a smaller variability ellipse, indicating only a low level of variability across performance metrics.
The cumulative distribution of absolute percent errors in daily streamflow gives an indication of the degree of error in streamflow predictions from a particular PUB method. At a particular site, the absolute percent error of each day in the validation record was calculated (the validation record refers to complete water years for which observations and predictions are available). The distribution of errors is represented as the fraction of the validation record below a certain threshold. The cumulative distribution is obtained by increasing the threshold. The best PUB methods would show a steep rise in the percentage of record below an error threshold for low threshold values. This analysis was conducted for all sites in the study and the mean percent of the record below a threshold was documented. Because of the use of error thresholds, this technique is referred to herein as a threshold analysis.
Results and Discussion
The mean of the ranks of each PUB method according to each performance metric are shown in table 2. (The distributions of each performance metric are provided in Appendix 4.) Except for some metrics where the mapcorrelation (MC) application of QPPQ is marginally better when compared to its nearest-neighbor (NN) complement, the nearest-neighbor applications have a better average ranking. QPPQ-MC performed better than QPPQ-NN in Table 2 . Mean rank for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These ranks were then averaged across sites for each PUB method. The process was repeated for each of the 32 metrics and 5 PUB methods. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC) and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC)] logarithmic NSE of the daily, no-fail storage-yield curve and with regard to the coefficient of variation of streamflows and low-flow metrics including the 10th and 25th percentiles of daily streamflow. Previously, Farmer and others (2014) found a much larger difference between the two methods for the selection of index streamgages, but, for this study, the slight advantage of the NN method is consistent with their findings. For the majority of the performance metrics, QPPQ-NN is ranked more favorably than DAR-NN. However, DAR-NN yielded a better average ranking with the NSE, NSEL, RMSE and correlations of streamflow. Additionally, DAR-NN more accurately estimated the higher percentiles of daily streamflow, while QPPQ-NN was better at reproducing the variability of streamflow and the low-flow behavior.
Class

Metric
PRMS DAR-NN QPPQ-NN DAR-MC QPPQ-MC
The PRMS shows a consistently poor ranking across almost all metrics, indicating that the process-based approach does not perform as well in this region. This finding is again consistent with the findings of Farmer and others (2014) . The PRMS does provide a strong ranking with respect to the NSE and RMSE of streamflows. Since the PRMS was calibrated at reference sites using the NSE, this strong ranking is not surprising. More interesting is the superiority of the PRMS in reproducing the lag-one correlation of streamflow. This provides evidence that the mechanistic, process-based structure of the PRMS is accurately reproducing the at-site lag behavior. The transfer-based methods may not be reproducing the at-site lag behavior as well because they rely on the lag structure of an index streamgage alone.
The standard deviations of the ranks of each PUB method according to each performance metric (table 3) indicate the consistency of the performance for each PUB metric. Across all the metrics, the PRMS and DAR-MC show the most variability. For some metrics, like RMSNE and average percent error of streamflow, the PRMS is the least variable. However, the QPPQ methods show the least variability when averaged across all metrics, and, coupled with the average performance presented earlier, QPPQ-NN shows the most consistent (leastvariable) accuracy.
The information in tables 2 and 3 is summarized in an RRBE cloud with variability ellipses in figure 3. QPPQ-NN demonstrates the best and most consistent performance out of these five methods. The point representing QPPQ-NN is on the optimal edge of the RRBE cloud, having the best average ranking and the smallest average standard deviation. DAR-NN has slightly more variability with an increased average rank. QPPQ-NN also has the smallest variability ellipse. QPPQ-MC shows a more flattened ellipse, demonstrating that QPPQ-MC has a more consistent amount of variability with a greater variability in the mean across metrics. The ellipses demonstrate the substantial overlap between the methods. The substantial overlap between QPPQ-NN and QPPQ-MC shows that the QPPQ method is not overly sensitive to the index-selection algorithm. The smaller overlap between DAR-NN and DAR-MC shows that DAR is more sensitive to the index-selection algorithm.
Finally, DAR-NN and QPPQ-NN, the two best methods, show a high degree of overlap. While QPPQ-NN appears to be better overall, DAR-NN may be more appropriate in some situations. The transfer-based methods are strongest and have similarlysized variability ellipses, but the PRMS is set back much further and has a large variability ellipse.
The threshold analysis in figure 4 again shows that the transfer-based methods are superior to the ungaged mechanistic model. The curves represent the mean, across sites, percent of the validation record that has an absolute percent error below the error threshold. For all error thresholds, the transfer-based methods have a greater portion of the validation record below the threshold. The curves of the transfer-based methods rise more quickly and begin to level out at a higher proportion than the PRMS. For the transfer-based methods, nearly 50 percent of the validation record is less than the 25 percent error threshold, compared to only 26 percent of the validation record for the PRMS. At an error threshold of 100 percent of the observations, more than 90 percent of the validation record is less than the threshold for transfer-based methods; only 75 percent for the PRMS. The transfer-based methods are clustered quite closely, but QPPQ-NN is on the leading edge. For the validation record, 90 percent of the QPPQ-NN predictions, on average, are less than the 80 percent threshold. As these are just averages, figure 5 characterizes the variability of each PUB method at each threshold by displaying the coefficient of variation of the percentage of the validation record less than the error threshold across sites. The variability decreases for higher thresholds and the PRMS shows a greater variability than the transfer-based methods.
The transfer-based methods are able to reproduce daily streamflow records more accurately than the ungaged application of the PRMS, a mechanistic model. This result agrees with the findings of Farmer and others (2014) in the southeastern United States. Linhart and others (2013) , in contrast, showed that a fully-calibrated, at-site application of processbased models, a technique that could not be applied at ungaged locations, out-performed regionally-calibrated, transfer-based methods in the same region as this study. Linhart and others (2013) considered both QPPQ and the Flow-Anywhere (FA) method, a calibrated version of the DAR method, but did not consider a validation framework. Linhart and others (2012) demonstrated that their at-site calibration of PRMS showed a greater NSE than the transfer-based methods. From Linhart and others (2013), PRMS had a median NSE of 0.66, while FA and QPPQ had medians of 0.37 and 0.55, respectively. Though a larger and different set of sites was used in this report, the PRMS had a median of 0.69, while DAR-NN and QPPQ-NN yielded NSE values of 0.65 and 0.67, respectively. The relative comparison is the same, but the results in table 2 show that the consideration of additional metrics, an analysis which Linhart and others (2013) call for, does not favor the performance of the PRMS. This suggests that the model structure of the PRMS is sufficient for reproducing fairly accurate, independent, day-to-day predictions, but, when run in an ungaged Table 3 . Standard deviation of the ranks for each performance metric and method of prediction in ungaged basins (PUB).
[At each site, the PUB methods were ranked according to a single metric, with the best method receiving the lowest rank. These standard deviations were taken across 44 sites for each PUB method. The process was repeated for each of the 32 metrics and 5 PUB methods. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC) and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC)]
Class
Metric
PRMS DAR-NN QPPQ-NN DAR-MC QPPQ-MC
Overall goodness of fit Nash-Sutcliffe efficiency of streamflows While QPPQ-NN was shown to be the best PUB method considered on average, it still has some limitations. Linhart and others (2013) noted that the relative performance of PUB methods may vary across flow regimes, from high flows to low flows. Farmer and others (2014) make a similar observation, looking across performance metrics. QPPQ-NN may be the best PUB method on average, but may not be the best for particular applications. For example, the PRMS is able to more accurately reproduce the lag behavior, even if QPPQ-NN is superior in many other ways. It is therefore useful to consider the intended application before selecting a PUB method. In addition, the three-step nature of transfer methods (index selection, regression parameterization and transfer between index and ungaged location) like QPPQ opens several ingresses for model uncertainty (Linhart and others, 2012; Farmer and Vogel, 2013) . With these multiple uncertainties it is difficult to state the confidence in any one prediction or identify the areas for improvement. A better understanding of the error structure of ungaged predictions may improve the application of PUB methods. 
PRMS DAR-NN QPPQ-NN
DAR-MC QPPQ-MC EXPLANATION
mode, the PRMS is unable to reproduce the statistical and distributional properties of the historical record. Linhart and others (2013) noted that the PRMS was limited by the region of calibration and Farmer and others (2014) postulated that a more robust method of ungaged calibration could improve the performance of the PRMS.
Of the transfer-based methods, QPPQ-NN produces a predicted record that most accurately reproduces the statistical and distributional properties of historical record on average. Linhart and others (2012) also showed that, in Iowa, QPPQ performed better than the FA method, a method quite similar to the DAR method. When applied by Linhart and others (2012) in a study that did not consider the PRMS, FA had a median NSE of 0.66 and QPPQ had a median of 0.73. As is affirmed by the findings here, the comparison NSELs was much tighter: Linhart and others (2012) showed FA to have a median NSEL of 0.76 (DAR-NN had a median of 0.86 in this report) and QPPQ had a median of 0.80 (QPPQ-NN had a median of 0.87 in this report). The results of Linhart and others (2013) , when the process-based models are left aside, also show that QPPQ is preferred over FA. These relative
Summary and Conclusions
Records of daily streamflow are essential to water resources management and planning as well as hydrologic understanding. Many regions of the world, even in the United States, remain sparsely gaged. The U.S. Geological Survey's National Water Census has sought to fill those gaps using various tools for prediction in ungaged basins. Building on previous research in Iowa and the southeastern United States, this report documents the comparison of several methods for prediction of ungaged basins, including nearest-neighbor and map-correlation applications of drainage area ratios and nonlinear spatial interpolation using flow duration curves, along with an ungaged application of the Precipitation-Runoff Modeling System. In contrast to the southeastern United States, the Des Moines and Iowa Rivers in Iowa are characterized by a different hydroclimatic regime, less variation in elevation, and a variety of different landform regions.
Using five methods for prediction in ungaged basins, streamflow records were reproduced in a threefold validation across 44 watersheds in the Des Moines and Iowa River Basins. The drainage area ratio technique requires no calibration, but is similar to other "Flow Anywhere" techniques.
Nonlinear spatial interpolation using flow duration curves was applied using regional-regression estimated flow duration curves at ungaged locations. Each of these statistical techniques was implemented with a nearest-neighbor index streamgage based on spatial proximity and a map-correlated index streamgage based on estimated hydrograph correlation. The Precipitation-Runoff Modeling System was run in an ungaged mode to produce a mechanistic, process-based estimate of ungaged streamflow.
The methods for prediction in ungaged basins were analyzed using the Robust Rank-Based Evaluation and an assessment of the cumulative distribution of the daily percent errors. Averaging across all performance metrics, the nearestneighbor implementation of the nonlinear spatial interpolation using flow duration curves showed the best ability to reproduce the statistical and distributional properties of the historical record. This agrees with previous work in the region and similar studies in other regions. The transfer-based methods were shown to be generally superior to the ungaged application of the process-based Precipitation-Runoff Modeling System. Considering a restricted set of performance metrics in the Cedar River Basin, calibrated iterations of the PRMS have previously been shown to out-perform transfer-based methods. The broader set of performance metric shown in this report, however, highlights the weaknesses of an ungaged calibration of the Precipitation Runoff Modeling System. Additional research may improve the performance of prediction in ungaged basins. Prediction of historical records can continue to be improved by considering additional study regions in which to assess prediction in ungaged basins. In particular, an arid or a snow-dominated region may provide additional information not gathered from this analysis or previous work done in the southeastern United States. Furthermore, understanding the uncertainty of streamflow predictions could further refine prediction in ungaged basins and inform the use of predictions in water management decisions and planning. Such research might show that predictions for specific flow regimes may be improved using specific prediction methods. Continuing to explore regional studies of prediction in ungaged basins will surely improve national and international implementations and lead to more informed and responsible use and management of water resources.
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We offer our special thanks to Sara Levin and Parker Norton (USGS) who provided exceptional reviews of the original manuscript and vastly improved the final product. The distribution of the at-site Nash-Sutcliffe efficiencies of daily streamflow prediction for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The Nash-Sutcliffe efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one indicates a perfect fit, while a value of zero indicates that a mean value would have produced the same level of accuracy. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC).
Figure 4-2. The distribution of the at-site Nash-Sutcliffe efficiencies of the logarithms of daily streamflow predictions for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one indicates a perfect fit, while a value of zero indicates that a mean value would have produced the same level of accuracy. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainagearea ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). Method of prediction in ungaged basins
Figure 4-5. The distribution of at-site average percent errors of daily streamflow predictions for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the average percent bias. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. Numbers at the top of the graph indicate outliers beyond the upper limit of the vertical axis. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site Spearman correlations between simulated and observed daily streamflows for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the Spearman correlation, which ranges fromnegative to positive one. A perfect correspondence between ranked streamflow would exhibit a Spearman correlation of one. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC).
Figure 4-8. The distribution of the at-site Nash-Sutcliffe efficiencies of the daily storage-yield curve (SYC) for each method of prediction in ungaged basins (PUB) is considered here. See text for a description of the methodology used to predict the SYC. The horizontal axis indicates each PUB method. The Nash-Sutcliffe efficiency is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one indicates a perfect fit, while a value of zero indicates that a mean value would have produced the same level of accuracy. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The horizontal axis indicates each PUB method. The Nash-Sutcliffe efficiency of the logarithms is along the vertical axis. Nash-Sutcliffe efficiency ranges from one to negative infinity; a value of one indicates a perfect fit, while a value of zero indicates that a mean value would have produced the same level of accuracy. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearestneighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site percent errors in the estimated 50th percentile of the distribution of 7-day average annualminimum events for each method of prediction in ungaged basins (PUB) is considered here. This event is related to the 2-year, 7-day annual-minimum event. The horizontal axis indicates each PUB method. The vertical axis shows the percent error. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. Numbers at the top of the graph indicate outliers beyond the upper limit of the vertical axis. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. Numbers at the top of the graph indicate outliers beyond the upper limit of the vertical axis. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. Numbers at the top of the graph indicate outliers beyond the upper limit of the vertical axis. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site percent errors in the estimated coefficient of variation (L-CV) of daily streamflow for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the percent error. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site percent errors in the estimated kurtosis (L-kurtosis) of daily streamflows for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the percent error. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainagearea ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site percent errors in the estimated lag-1 autocorrelation of daily streamflows for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the percent error. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). The distribution of at-site percent errors in the estimated amplitude of the sinusoidal seasonal trend of daily streamflows for each method of prediction in ungaged basins (PUB) is considered here. The horizontal axis indicates each PUB method. The vertical axis shows the percent error. Unbiased methods display a median near zero and minimum variability of at-site bias. The dark line indicates the median of the distribution, the box outlines the 25th and 75th percentiles, and the whiskers extend to the data point a distance not more than 1.5 times the interquartile range away from the nearest quartile. The PUB methods include the Precipitation Runoff Modeling System (PRMS), drainage-area ratio with the nearest-neighboring index streamgage (DAR-NN) or the map-correlated index streamgage (DAR-MC), and nonlinear spatial interpolation using flow duration curves with the same index selection techniques (QPPQ-NN and QPPQ-MC). 
